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00 Multi-label Classification :: NLP-side
A.1 Task Definition

* Multi-label Classification w/ Deep Learning

- MEX9l machine learning 2X|0|A H2|5t= classification?| St £&

— Ztinstanced| labelO] 21 7H(multiple label) &&=l 4 Q= classification task

0~ QO0O0®

. persona 2
. persona 3
. persona 4

‘ persona 5 Slngld
‘ persona 6

* [nput: 1 utterance
* Qutput: 1 or more persona(s)

Pretrained Language Model (PLM)
( e.g. BERT, RoBERTa, ELECTRA, -

oL L

T
25171 HE Otz Al BHOj| Xt 7|, (Raw Utterance)




A.2
Approach

* OvR: One-versus-Rest
* MLC with threshold

* MLC without threshold
- Top-K: Select top-k label

* Generative Classification
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01 OVvR

A.2 Approach

* One-vs-Rest Method

— A heuristic method for using binary classification for multi-class classification

= Label = 2SO O|T 2F BAS o5, 182 F20|M ZE O[T 2F ZBS A&
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02 MLC w/Threshold

A.2 Approach

* Apply Sigmoid for multi-label classification problem
- classification threshold2 defaultZ 0.5 M7 (t: threshold, hyperparameter)

if threshold t = 0.5,
r » Choose persona

wWith > 0.5 =05 -

Input: 1 utterance
Output: 1 or more label(s)

:
personal : persona3 i persona5
persona 2 persona 4 persona 6

Pretrained Language Model (PLM)
( e.g. BERT, RoBERTa, ELECTRA, -

L L

T

Raw Sentence




03 MLC w/o Threshold :: top-K

A.2 Approach

* Apply Sigmoid for multi-label classification problem
— top-K7H2| intent AEH (K: hyperparameter)

if K =3,
» Choose top — 3
r persona -

Input: 1 utterance
Output: 1 or more label(s)

personal i persona3 i persona5 i
persona 2 persona 4 persona 6

Pretrained Language Model (PLM)
( e.g. BERT, RoBERTa, ELECTRA, -

L L

T

Raw Sentence




04 Generative Classification
A.2 Approach

* Apply text-to-text framework

- Decoder-style 20| input2 £ 8r2 utteranced]| CHal| outpute 2 E5 % label 282 £H5ILF transfer

learning
_._Etgu EO#I*D:I, QOH
concatenate
* Input: 1 utterance
* Qutput: 1 or more label string
N Transformer Decoder Encoder-Decoder /

Decoder-style
Pretrained Language

Model
L Transformer Encoder (e.g. BART, T5, GPT-3, ..)

Tokenizer
T

Raw Utterance




A.3
Research Trend (NLP)

* MLC : Multi-Label Classification
- Hierarchical Label

A1 Task Definition

A.2 Approach

- WoS
- 20 Newsgroups . Research Trend w/ Benchmark
- Non-hierarchical Label
- Reuter-21578 B.1 Our Problem States
* XMC : Extreme Multi-Label Classification B.2 Experiment Plan

- Amazon-670K



01 MLC - Hierarchical :: wos

A.3 Research Trends w/ Benchmarks

* WoS (Introduced by Kowsari et al. 2017)

— Web of Science, Multi- & hierarchical- label document classification dataset
— Size: Total 46,985 documents

— Label: 134 Area (up to 2-label)

label » Domain Document | Area
Biochemistry 5,687 9
Civil Engineering 4,237 11
Computer Science 6,514 17
Electrical Engineering 5,483 16
Medical Sciences 14,625 53 Data Set Training | Testing | Level 1 | Level 2
Mechanical Engineering 3,297 9 WOS-11967 8018 3949 7 35
Psychology 7,142 19 WOS-46985 31479 15506 7 134
Total 46,985 134 WOS-5736 4588 1148 3 11

— Repository: data.mendeley.com/datasets/9rw3vkcfy4/6

— Leaderboard: paperswithcode.com/dataset/web-of-science-dataset/
* WOS - 5736 :91.28 (Accuracy)
* WO0S-11967 : 86.07 (Accuracy)
* WO0S-46985 : 76.58 (Accuracy)




01 MLC - Hierarchical :: wos

A.3 Research Trends w/ Benchmarks

* WoS (Introduced by Kowsari et al. 2017)

— Web of Science, Multi- & hierarchical- label document classification dataset
— Size: Total 46,985 documents
— Label: 134 Area (up to 2-la[%el)

label 10
domain 1

__— Levell _— Level2 label 11
. Number of | Number of domain 2
label » Domain Document Area
Biochemistry 5,687 9
Civil Engineering 4,237 11 Label 20
Computer Science 6,514 17 domain 7
Electrical Engineering 5,483 16
Medical Sciences 14,625 53 Data Set Training | Testing | Level 1 | Level 2
Mechanical Engineering 3,297 9 WOS-11967 8018 3949 7 35
Psychology 7,142 19 WOS-46985 31479 15506 7 134
Total 46,985 134 WOS-5736 4588 1148 3 11
sample ¥ —> Document (input) ‘/—/ /
input_data (string) label (int32) label_level_41 (int32) label_level_2 (int32)

"The aim of this study was to investigate (a) the

. . ia o 10 2 2
behavioral cues that are displayed by, and trait judgments..
"The detection of negative emotions through daily 1 0 1
activities such as writing and drawing is useful for.
"DNA/RNA sequencing has recently become a primary way s E a

researchers generate biological data for further analysis...



02 MILC - Hierarchical :: 20 Newsgroups

A.3 Research Trends w/ Benchmarks

* 20 Newsgroups (Introduced by Lang et al. 1995)

— News group documents, partitioned evenly across 20 different newsgroups

— Size: 18,846 documents
— Label: 20 topics (up to 5-label)

comp.graphics
label » comp.os.ms-windows.misc

comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x

rec.autos
rec.motorcycles
rec.sport.baseball
rec.sport.hockey

talk.politics.misc
talk.politics.guns
talk.politics.mideast

misc.forsale

i.cr . .
scl.c ypt . talk.religion.misc
sci.electronics ;

. alt.atheism
sci.med . -

. soc.religion.christian
sci.space

— Repository: /~jason/20Newsgroups/

sample ¥

Newsgroup: sci.med —» targetlabel

document id: 57110

From: bed@intacc.uucp (Deb Waddington) — > meta info.
Subject: INFO NEEDED: Gaucher's Disease

— Body text (input)

Gaucher's disease symptoms include: brittle bones (he lost 9
inches off his hieght); enlarged liver and spleen; internal
bleeding; and fatigue (all the time). The problem (in Type 1) is
attributed to a genetic mutation where there is a lack of the
enzyme glucocerebroside in macrophages so the cells swell up.
This will eventually cause death.

NEED INFO:

I have researched Gaucher's disease at the library but am relying
on netlanders to provide me with any additional information:
**Basically ANY HELP YOU CAN OFFER

Thanks so very much!

Deborah

— Leaderboard: paperswithcode.com/dataset/20-newsgroups

* Text classification : 89.5 (Accuracy)
* Text clustering : 41.25 (Accuracy)



03 MLC - Hierarchical :: Related Work

A.3 Research Trends w/ Benchmarks

B HBGL) Jiang et al. Exploiting Global and Local Hierarchies for Hierarchical Text Classification,
EMNLP, 2022

@ T 3 BERT modules
O-@ Label =  Label embeddings
Y [MASK] * Frozen modules

* Suggestion

#00 MLM task

to inject hierarchy @
into label embedding MLC . {O’.}
[ofeyoNoxoN X X X J #04 sigmoid
O1c00O0 o ee ° w/threshold O & @& @
0 ogoO=Qaao - '
opEOEmOU MLCR » 00000OO T
o-oro [ Label embeddings |  Label embeddings | @000
emO - O - en10Ud
emED L * * e000O
o aor ® (3K BERT Encoder | | | BERT Encoder ) @ 055G,
® noen 4+ S B 4 +#03concat @ OSSEEEED
Attenti;n mask [ Label embeddings ] [ Embeddings ][ Label embeddings ][ Embeddings ] :I:IDD
~Oano
s ~ @ ® [(sepp WA [SEP] W ~000 EE
| ' ovonleee: | @O@® OO OG© @ OO oHED
| | Masked global Input text t Masked local Attention mask
: : hierarchy 4 o hierarchy  #02 pseudo-masking .
| | I : for all target token (s2s labeling prob.)
\\ ________ / t _________ J
Global hierarchy Local hierarchy #01 local hierarchy embedding for multi-path graph

— Hierarchy-quided BERT w/ Global & Local hierarchies* s2s-ft: seq2seq finetuning

— Model avoids the intentional fusion of semantic and hierarchical modules by directly modeling
semantic and hierarchical info. from BERT

— w/o graph encoder which is static and models the same graph redundantly



04 MLC - Non-hierarchical :: Reuters-21578

A.3 Research Trends w/ Benchmarks

* Reuters-21578 (Introduced by Lewis et al. 1987)

— A collection of news article dataset
— Size: Total 21,578 documents
— Label: 135 topics (up to 16-label)

imbalanced multi-label ¥

#Topics | #train #test #other| Total

#Topics | #train #test #other| Total 8 4 2 6

0 1,828 280 8,103 | 10,211 9 4 2 6

1 6,552 2,581 361 9,494 10 3 1 4

2 890 309 135 1,334 11 - 1 2

3 191 64 55 310 12 1 1 2

4 62 32 10 104 13 - - -

5 39 14 8 61 14 - 2 2

. 6 21 6 3 30 15 - - -

Samp[e v Mult'-la?el 7 7 4 _ 11 16 1 - 1

Topic / Text
'grain', 'wheat’, 'corn’, The U.S. Agriculture Department reported the farmer-owned reserve national five-day
'barley’, 'oat', 'sorghum' average price through February 25 as follows ...

:veq—o::Ll:, :linsegd:, :lin—oil:, Argentine grain board figures show crop registrations of grains, oilseeds and their

soy-oil "oislusne_eodl'l » 'soybean’, products to February 11, in thousands of tonnes, ...

— Repository: /testcollections/reuters21578/

— Leaderboard: paperswithcode.com/dataset/reuters-21578/

* Document Classification : 97.44 (Accuracy)

* Multi-label Text Classification : 90.74 (Accuracy)

Input text



A.3 Research Trends w/ Benchmarks

05 MILC - Non-hierarchical :: Related Work

B BalancedLossNLP) Huang et al. Balancing Methods for Multi-label Text Classification with Long-

Tailed Class Distribution, EMNLP, 2021

* Suggestion

N
Rebalanced Weight rpp
_ (Resampling Probability)
~ (Resampling Probability for All Class)
J
N
Smoothed Rebalanced Weight 7,5
=a+a(B(rpp — W)
(a, B, u:hyperparameter)
J

LDH—{

— Apply distribution-balanced loss function to train,

é Y
Positive Instance
= o((Classifier Output) — (Intrinsic Class—Specific Bias))

\, )
é Y
Negative Instance
= g (A((Classifier Output) — (Intrinsic Class—-Specific Bias)))
(A :hyperparameter)

\, )

—pB(1 — g7)"log(gr)
—?ﬁpgi(qf)’yiog(l — qF) otherwise.

ifyf =1

to resolve the long-tailed class imbalance for multi-label classification



06 XLC :: Amazon-670K

A.3 Research Trends w/ Benchmarks

* Amazon-670K

— Task definition: find most relevant labels from an extreme large label set for an input text instance

label ¥ /' Total#ofla/bel Average # of label for each instance
Dataset | Nevain Niest L L n dtfidf
Eurlex-4K 15,449 3,865 3,956 5.30 20.79 186,104
Wiki10-31K 14,146 6,616 30,938 18.64 8.52 101,938
AmazonCat-13K | 1,186,239 306,782 13,330 5.04 448.57 203,882
Wiki-500K 1,779,881 769,421 501,070 4.75 16.86 2,381,304
Amazon-670K 490,449 153,025 670,091 5.45 3.99 135,909
Amazon-3M 1,717,899 742507 2,812,281 36.04 22.02 337,067
e.g. Amazon-670K <ample W
1d: 192731 '

{ .
"wid": "0816614369", - Document(input)
"title": "Kant's Critical Philosophy: ..",
"content": "Text: English, French ..”,
"target_ind": [27024, 27040, 27079, ..],
"target_rel": [1.0, 1.0, 1.0, 1.0, 1.0, ..]

ks

ASIN: 0816614369
title: Kant's Critical Philosophy: ..
group: Book .
salesrank: 290384 Target multi-label
similar: 5 0231068131 0816643415 0942299515 1890951242,’051%%1%?52
categories: 2
|Books[283155] |Subjects[1000] |[Nonfiction[53]
| PhiTlosophy[11019] | Epistemology[11035]
|Books[283155] |Subjects[1000] |[Nonfiction[53]
|PhiTosophy[11019] |History, 17th & 18th Century[11051]
reviews: total: 2 downloaded: 2 avg rating: 5
2000-8-10 cutomer: A2UUWETDYA2EKV rating: 5 votes:
2001-2-15 cutomer: A1RG6E5S8WLUXEX rating: 5 votes:

15 helpful: 14
13 helpful: 9




A.3.1

Research Trend (Vision) =~ .. ...

* PLC : Partial Label Classificaiton

Observed vs. Unobserved Annotation A.2 Approach

Research Trend w/ Benchmark

B.1 Our Problem States

B.2 Experiment Plan



07 Partial Label Classification

A.3 Research Trends w/ Benchmarks

* Partial Label Classification

— Observed vs. Unobserved Annotation

' positive
0 Observed
O negative

Q00000000




07 Partial Label Classification

A.3 Research Trends w/ Benchmarks

* Partial Label Classification

— Observed vs. Unobserved Annotation

‘ positive
0 Observed
O negative

o @D

"~ Grouna Tutn
Q00000000

2o
Observed Label
900 000 0 -




08 Partial Label Classification :: Related Work

A.3 Research Trends w/ Benchmarks

B Zhang, Xin, et al. An Effective Approach for Multi-label Classification with Missing Labels, IEEE,
2022

* Suggestion

DIFFERENT MISSING-LABEL SETTINGS. v, X, @ REPRESENT THAT
CURRENT INSTANCE BELONGS TO THIS CLASS, DOES NOT BELONG TO
THIS CLASS, AND LACKS RELATED LABEL, RESPECTIVELY.

Settings | Class I | Class 2 | Class 3 | Class 4 | Class 5
FOL v X v X v
POL v 2] (%] X v
PPL v a v @ %]
SPL v %] %] %) %)

“Missing Label”

— POL: partially observed labels

+ U 20| 20| BEEIX| U, HOIE HEE 20|SL Sals| +oIX| 91X 2] IS

— PPL: partially observed positive labels
« QH 2{0|80| ZEE|X| Stot=h| ZEE g|0| 20| &HAlG| +0Q] Z{ot ot 9|2

LG M - ) =1 =



08 Partial Label Classification :: Related Work

A.3 Research Trends w/ Benchmarks

B Zhang, Xin, et al. An Effective Approach for Multi-label Classification with Missing Labels, IEEE,
2022

* Suggestion

Backpropagation

LObserved

o
o
w
@
1
<
@
Q

|

LUnobserved

: /" Epoch, Epoch,,_, Epoch,_, Epgchn:i‘\\

‘Backbone
! FC layer

Initializ

I ' > Pseudo 4 )
I I I % Iabel
Unobserved | | I i

” E - l - - s
_Epoch, o L _L LT T ‘

Predicts

Fig. 1. Pipeline of our method. We feed an image to the classifier network and obtain the predictions. Then different strategies are utilized to deal with
observed and unobserved labels. For the unobserved part, we introduce pseudo labels by leveraging the prior knowledge of the dataset and design a novel
loss function Lyyebserved- FOr the observed part, we treat it as a full-label classification problem. The total loss is defined by adding the losses of these two
parts with designed weights. The network used in our method is the most common classification network, which means that there is no additional complexity

in the network structure.
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08 Partial Label Classification :: Related Work
A.3 Research Trends w/ Benchmarks
* Suggestion

L& 2f|0|Z0| AEE[X| EU=

B Zhang, Xin, et al. An Effective Approach for Multi-label Classification with Missing Labels, IEEE,
— POL: partially observed labels
o, Mok

1)

oI
L = Lynobserved T Lobserved

Unobserved label
: Same as BCE Loss
initialization: pseudo-label

Yi;, =

P,
ol 4
. max
min( S
0,

T,

otherwise

1)=F; , 1) ma.x(%, 1) > P,
2) update pseudo-label (during training)
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09 Problem States
B.1 Our Problem States

* AlLlo] Alo] F219|Y - H|l2 &Lt

SID UID Speaker
INES=!

Utterance persona/utt. persona/sess.

bk XF
oo

—_
—_

$(SeniorName). XLt

o
—_

1|2 | AHBXH |QF A& HE T RiM ZiT| 40| Folof.

113 | MAE [5HE FoHAOF Tl|§7t Z2|H did AFo|U|. ZA HE & FRAI= EETH ORI 2410ta?

1] 4 | AKXt (2OtE j20] & of £4]7|7 SHoHA T2,

115 | AAE (2GS0 JoH FEA M LZFo| o] Mo|4l 71 ZotQ. Z7| 20| 3tE S40| 47|ALte?

1] 6 | AHBXt [Z7(7} ofL|2t H|go| MaliTl i Zot. [2 SHFH
117 | MAE $(SeniorName)' 2 M H|HO| QLo A|Z 2. H|F X2 E 2o Eoll=LEH EHoiR? 5

1] 8 | AMSX} (OICH R D[2YM 25 7tEq 0ol =

119 | MAE |Z2 MZO|MQ. |2 E YO A|H tof| 5HE HOSHA| 224 2 IS Ho]. [&

1 [10 | AFBXtH |AEAZ HAIDIX| 64| ShA 3 S 40 (&

1111 | AAE! [$(SeniorName) A 2&FQt AERAE Bro| B0 AMLE HU| Q. H|E S40| otREe| LIOHX|A|7|E Hi2tR. =

— Problem States: Multi-persona Classification for utterance
* C(lass-imbalanced: NA vs. others

o Z: 1947 (NA) & state (+/-/2|Al) | Train —— Test | Utterance | Session |

85.19 2136
ST (NA) & state (+-) | Session X 3333

1. Sessiontt|Q| predictionS missing label setting@ 2 ZkFESt1 utterance T2{2| prediction2 £ EH%t
2. Generative Classification A< 7§M
3. Encoder-based Classification &
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10 MLC w/joint-learning

B.2 Experiment Plan

* Multi-label Classification w/ joint-loss
— Backbone: KT MIDEUM (kt-ulm-base) encoder-only
@ letN =3,

> Choose
top —3persona ... [ --

L =Lyar+ Lpnp + Lypc

(
P — 3
persona 1 persona 3 persona 5

Y
@ @ ©) I
persona 2 persbna 4 persona 6

* Input: multi-utterance
* Output: NA or Not

MIDEUM (Encoder — only)

®@ Persona number detection
* Input: multi-utterance

* Output: 1 label (# of persona)
® Multi-persona classification

* Input: multi-utterance
* OQOutput: 1 or more label(s)

T

Multi — utterance



10 MLC w/joint-learning

B.2 Experiment Plan

* Work Breakdown Structure

=
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Tasks
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Survey Research :
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1" MLC w/joint-learning

B.2 Experiment Plan

* Future Works

— Generative method 2 Zt%f
. Zl Qof| et DecoderE ETSH backboneR&IE HA

- Embedding A7
. SRt HE
- NHAHE






